Introduction
Scientific progress has been seen both as a succession of incremental refinements as well as a succession of epochs with relatively slow or little change that are punctuated by periods of revolutionary transitions. In Popper's view [1] , science proceeds by gradually falsifying competing candidate theories, whereas Kuhn [2] argues that during episodes of "normal science", scientists gradually improve their theories within the current framework until enough unexplainable anomalies emerge to call for a major paradigm shift. Such shifts have occurred on many scales, from scientific revolutions with global reverberations to smaller breakthroughs within specific fields or sub-fields of science. However, this view ignores the possibility of entirely new avenues of research emerging from new connections that are forged between apparently disjoint areas of science. Thus, new paradigms may be born not only because of evidence that contradicts existing theories, but also because entirely new questions and theoretical frameworks appear. For example, consider the rise of systems biology, driven by technological advances in data acquisition and their analysis through computer algorithms, or the emergence of network science that merges aspects from physics, computer science, and social sciences.
In this paper, we focus on the dynamics and emergence of connections between the various subfields of physics, and perform a longitudinal analysis of the evolution of physics from 1985 till 2009. Our results are based on a study of the papers appearing in the Physical Review series of journals (Physical Reviews A, B, C, D, E, Physical Review Letters and Review of Modern Physics) published by the American Physical Society during this period, with their Physics and Astronomy Classification Scheme (PACS) numbers indicating the subfields of physics to which they belong. If a paper is listed under two different PACS codes, the two corresponding sub-fields are considered to be connected by the paper. In this manner we construct a set of annual snapshots of the networks of sub-fields in physics that are connected through all papers that have been published in each year, and study the evolution of these networks at multiple structural scales. In this way, we can focus on the big picture of the evolution of physics in terms of changes in the nature of connections between its subfields, instead of the microscopic level that is considered by the widely studied collaboration or citation networks [3] [4] [5] [6] .
We show that the network of the subfields of physics is becoming increasingly connected over time, both in terms of link density and the numbers of papers joining different subfields. Despite gradual changes in the network density, composition, and degrees of individual nodes, all key statistical distributions display scaling, indicating stationarity in the underlying micro-dynamics [7] . It is seen that a substantial and increasing fraction of new links connects nodes that belong to dissimilar branches of the PACS hierarchy, reflecting a trend where interdisciplinarity between the subfields of physics clearly increases. By applying the k-shell decomposition technique, we show that the core of physics has been dominated by Condensed Matter and General Physics for the entire period under study, with Interdisciplinary Physics steadily increasing its importance in the core. It is seen that a substantial and increasing fraction of new links connects nodes that belong to dissimilar branches of the PACS hierarchy, reflecting a trend where interdisciplinarity between the subfields of physics clearly increases. By applying the k-shell decomposition technique, we show that the core of physics has been dominated by Condensed Matter and General Physics for the entire period under study, with Interdisciplinary Physics steadily increasing its importance in the core.
Results
We have analyzed all published articles in Physical Review (PR) journals [8] tain specific sub-fields using the corresponding PACS codes. The PACS is an internationally adopted, hierarchical subject classification system of the American Institute of Physics (AIP) for categorizing publications in physics and astronomy [9] . It is primarily divided into 10 top-level categories that represent broad research areas. Each of these categories are then divided into smaller domains representing more specific fields of physics, which may be further split into even more specific sub-fields. Thus, each of these PACS codes represent a specific subfield of physics. (for a detailed description of the data, see Methods). For constructing the networks of the different sub-fields, we consider the PACS codes as nodes, a pair of which are linked if an article is classified by both these codes. In these networks, the degree k of a node corresponds to its number of links, i.e. number of other PACS codes it is connected to, and its strength s to the total number of articles published with the PACS code. The numbers of papers sharing two PACS codes are accounted for with the weight w of their link. In order to study the time evolution of this system, we create yearly aggregated networks by considering all the articles published in a given year (see Methods).
Network-level evolution of the system
We begin by considering the evolution of the overall system properties between 1985 and 2009. For these 25 years, the total number of yearly publications N Papers in all PR journals has grown linearly [ Fig. 1(a) ], while the number of PACS codes N PACS shows a linear increase between 1990 and 2002, remaining roughly constant before and after this period. Note that this does not imply that the same codes have been in use in all the years prior to 1990 or those after 2002, but rather that the number of new PACS codes that were introduced each year were approximately balanced by the number of codes that were discontinued that year. The fraction of new and removed PACS codes each year is seen to fluctuate between 5% and 15% in Fig. 1(c) . The yearly fractions of new and disappearing links between PACS codes are higher, fluctuating around ∼ 40% [ Fig. 1(d) ]. When looking at network averages of the degree k and link weight w [ Fig. 1 (e),(f)], it is seen that not only does the number of published papers grow, but the network also becomes more connected, as both k and w grow approximately linearly. As a consequence, the average path length of the network decreases linearly (see Supplementary Information). Thus, in general, the connectivity between different subfields of physics is increasing with time.
The scaled cumulative distributions of the key quantities (degree k, strength s, and link weight w) are shown in Fig. 2 for four different years. All distributions are broad and indicate heterogeneity -compared to the averages, some subfields of physics are much more connected to the rest, the links between some fields are stronger, and many more papers are published in some fields. Furthermore, the overlap of the rescaled distributions indicates that although the averages of the distributions are growing over time, the functional form of the distributions remains similar [7, 10] . This is corroborated by comparing the Kolmogorov-Smirnov (KS) statistic of the degree distribution of the yearly networks with each other and finding that the KS distance stay at a low constant value [11] . A similar comparisons of the KS statistics of the strength distribution of the yearly networks show similar behavior, although there is a slight deviation from this general pattern for the year 1985 (see Supplementary Information for further details). Hence, although the composition of the system changes over time in terms of nodes and links appearing and disappearing (Fig. 1) , the functional shape of the key distributions remain similar across the years, indicating stationarity at the level of macro dynamics. In contrast to the relative invariance of the distributions, we observe that over a long time-scale the degrees and strengths of some nodes in the network increase or decrease in rank over time. Fig. 2(d) displays the dissimilarity coefficient ζ of the degree ranks [12] (see Methods) with respect to the year 1985 as a function of time; ζ ∈ [0, 1] such that low values indicate invariant node ranks. It is seen that ζ increases monotonically with time, approaching ζ ≈ 1 towards the end. Thus, the degree ranks of the PACS codes change gradually over time and become uncorrelated towards the end of the period under study, indicating the presence of longer-term trends. Using the node strength to calculate ζ or calculating ζ between all pairs of years yields similar results (see Supplementary Information). We also compare the structural properties of the empirical PACS network with a randomized ensemble, in which PACS codes are reshuffled among papers. This is to see whether the observed properties of the network are expected to appear purely by chance as a consequence of the constraints inherent in the system. We found that in the randomized version there are many more links in the network compared to the empirical network leading to an increase in the clustering coefficient, decrease in the average link weight, and decrease in the average path length (see Supplementary Information).
Micro-level dynamics
Next we take a detailed look at the micro-dynamics of new and disappearing links and nodes. We take advantage of the hierarchical nature of the PACS scheme (see Methods), and consider the hierarchical similarity h of two PACS nodes. Nodes are considered dissimilar (h = 0), if they belong to different main branches of the PACS hierarchy and thus represent very different subfields of physics. Nodes can also represent related subfields of physics and be similar with respect to the first level of hierarchy (h = 1, i.e., they share their first PACS digit), or similar with respect to the second level (h = 2, i.e., they are even more similar since they share the first two PACS digits). First, we focus on the link density ρ of the network, defined for each similarity class as the number of links between nodes of the class normalized by the number of pairs of nodes in the class. The evolution of the link density between dissimilar nodes (h = 0) and nodes belonging to the same second hierarchical level (h = 2) is displayed in Figs. 3(a) and (b). For both cases, the density increases with time. As one would expect, the link density for h = 2 nodes is far higher than that between dissimilar nodes. However, the relative increase of the density between the h = 0 nodes is much higher, indicating an increasing trend where new connections emerge between the main branches of physics. If the new links of each year are split into fractions according to whether they connect similar or dissimilar sub-fields [ Fig. 3(c-d) ], it is seen that a substantial and increasing fraction of new links connects nodes that belong to dissimilar branches of the PACS hierarchy (h = 0), while the fraction of new links joining similar PACS codes (h = 2) decreases with time. Thus, there is an increase in interdisciplinarity between the subfields of physics, as dissimilar branches of the PACS hierarchy are becoming increasingly connected. This result holds even with a randomized null model that takes into account the different numbers of h = 0 and h = 2 nodes (see Supplementary Information) . Furthermore, this hierarchical connectivity and the increase in the interdisciplinarity of the empirical network is lost in a randomized network constructed by randomly shuffling the PACS codes across different papers (see Supplementary Information).
Let us next address the role of network topology in the micro-dynamics. In particular, we want to see whether new links reflect the clustered structure of the network, increasing the density of dense neighborhoods as exemplified by the visualization of Fig. 4(a) . Additionally, since the PACS numbers themselves evolve and new codes appear, local clusters may also become increasingly connected if new nodes joining nearby nodes appear, as in Fig. 4(b) . The disappearance and appearance of nodes may also reflect structural changes in the PACS system, such as code replacement [Fig. 4(c) ].
First, we look for evidence for the mechanisms of ) are thus common in the network, and new connections between the sub-domains of physics do not emerge in a random, uncorrelated fashion; rather, connectivity increases within clusters. Furthermore, the more similar a pair of nodes is with respect to the PACS hierarchy, the higher the likelihood of new connections between them. Similar features have also been seen in other networks, e.g., in social networks new links are more likely to appear between nodes that are close, that is, nodes that have common friends or share similar interests [12] [13] [14] .
In order to study code replacement dynamics of . We study all PACS codes that have been discontinued, and first find their peak years t * with the highest number of papers. For each PACS code i, we determine the network neighborhood Λ i,t * corresponding to the peak year. We then calculate the overlap of this neighborhood with the neighborhoods of all nodes in the network at year t i + 1, where t i is the year when i becomes discontinued. We then choose the node j whose link pattern has the closest match with i at its peak, as indicated by the maximum overlap with Λ i,t * . The average of this maximum overlap O w max ij is displayed as a function of the strength of the disappearing nodes s i in Fig. 4 (h). The overlap increases with the strength of the discontinued node. Thus for high-strength nodes, nodes of similar neighborhoods are present immediately after their disappearance. These similar nodes are also usually introduced around the time of discontinuation (see Fig. 4 (i)). Hence high-strength PACS codes frequently get replaced rather than disappear altogether; this can be taken indicative of gradual, continuous changes in the subfields of physics. This might be due to the changing perceptions about sub-fields as a result of gradually improving understanding of their place in the general scheme of physics. These newly appearing codes have connectivity similar to the disappearing PACS and also have many new connections to other different sub-fields.
When a similar analysis is performed focusing on PACS codes that are newly introduced, it is seen that nevertheless, the majority of new codes correspond to emerging new subfields and do not appear to replace existing codes (see Supplementary Information).
Mesoscopic structure
The Maximum Spanning Tree
We now shift our focus from micro-dynamics towards the mesoscopic level and begin by illustrating the structure of the PACS network with the help of its maximum spanning tree (MST). The MST is a tree connecting all nodes of the network while maximizing the sum of link weights; such trees can be used to explore structural features in the data (see, e.g., [15] ). Figure 5 displays the MST for the PACS network of the year 2009 (874 nodes). Some structural features are apparent: first, as expected, PACS codes belonging to the same broad categories are frequently connected in the MST; however, there is mixing as well, especially in the central parts of the tree. Second, the MST reflects the underlying cluster structure of the network. There appears to be a branch that is well separated from the rest, containing fields related to high-energy physics: Physics of Elementary Particles and Fields, Nuclear Physics, and Geophysics, Astronomy and Astrophysics. The rest of physics displays more mixing in the MST, the hub nodes being frequently related to General Physics, Optics, and Condensed Matter.
Although the minimum spanning tree visualization of the network provides some overview on the structural organization of the relations between the different subfields of physics, it neither indicates the significance of the nodes forming the core of the network nor gives us any information regarding the temporal evolution of the structure. For a better and more detailed understanding, we perform k-core analysis [16] [17] [18] [19] The coefficient has a high value for neighboring years, so that changes in the shell indices of nodes appear gradual over time rather than randomly. Thus, the nodes having high or low k s -shell index for year t are more likely to retain their index for the subsequent year t + 1. Furthermore, the correlation matrix shows a block diagonal structure, indicating higher correlations for three periods, 1985-1992, 1993-2000 and 2001-2009 . For analysis of k s -shell regions (see below), we pick one network corresponding to each of these periods. The k sshell indices of PACS codes are also related to their stability. We define a node as stable if it has been in use each year after its introduction. Fig. 6 (b) shows the fraction of stable nodes calculated over the entire period 1985-2009 as a function of the k s -shell index; it is evident that the higher the order of the k s -shell (and thus, the closer it is to the nucleus of the network), the larger is the fraction of stable nodes. Note that, as the k s -shell index of a node is related to its degree and strength, nodes that have high degree or strength are also less likely to get deleted and are more stable.
For studying the time evolution of the k s -shells, we use the alluvial diagram method [20] . We divide the PACS codes into four categories based on their k The shaded areas joining the k s -shell regions represent flows of PACS codes between the regions, such that the width of the flow corresponds to the fraction of nodes. The total width of incoming flow is less than the width of the corresponding region, because the rest is made up by new PACS codes entering the network. Likewise, the gap between the width of the block and total outgoing flow corresponds to discontinued PACS codes. Here, it is seen that the core of the network, Region I, is remarkably stable compared to the peripheral Region IV that displays a high turnover of codes. Nodes that are in the core of the network are highly likely to remain so, whereas peripheral nodes frequently either disappear or migrate towards the core. Furthermore, a high fraction of new nodes first appear in the peripheral region.
Next, we consider how the different branches of physics 
Discussion
We have studied the evolution of physics research in terms of interconnections between its subfields from 1985 to 2009. We have shown that for yearly networks constructed from PACS codes, although there are apparent dynamical changes in the network, the key statistical distributions display remarkable stationarity. The average number of links per code and average link weight show a steady increase, indicating increased connectivity between different subfields of physics. In particular, the rate of link formation between subfields that are distant in the PACS hierarchy has increased, pointing out a clear trend of increased interdisciplinarity within physics where its different branches are becoming increasingly interlinked. This evolution does not appear random or uncorrelated; rather, within the branches there are subfields that are joined together in clusters, and there is a tendency where subfields in such clusters get connected through new links or new intermediate subfields with a high rate. The "mesoscopic" or intermediate-scale analysis of the network suggests an evolution towards increasing interdisciplinarity in physics, and a detailed study of the properties of such growing clusters would likely provide important insights into the evolution of physics.
At the mesoscopic level of the network, k-shell decomposition analysis reveals some large-scale trends within physics discipline: the nodes participating to the core of the network display the highest probability of survival, whereas the peripheral region displays the largest turnover associated with the discontinuations of older PACS codes and the appearance of new ones, as well as, their migration towards the core. The nodes that are in the core have a large number of connections to a large number of other nodes, and thus a high k-shell index can be taken as indicative of the importance of a PACS code compared to the "rest" of physics. With this interpretation it is natural that such high-k-shell subfields of high importance are also subfields of high stability. In our data, the core of the network has been dominated by those PACS codes that belong to the main branches of Condensed Matter and General Physics for the entire period under study. However, we also note that there is an important trend of the PACS codes belonging to Interdisciplinary Physics to steadily migrate towards the core, so that at present these already occupy a significant fraction of the core.
In conclusion, there has been an increase in the interdisciplinarity within physics, as indicated by the evolution of interconnections between different branches of physics. In addition there is an increase in the importance of Interdisciplinary Physics that also has connections to fields outside physics, as indicated by its share of the core in the PACS network. Although it may be easy to identify candidate drivers for this evolution, like the availability of vast amounts of digital data in several areas (e.g., financial markets, social systems) and an increasing number of problems requiring specialists from several fields within and outside physics (e.g., problems related to energy, climate, and biophysics), assessing their importance is beyond the scope of this study. It would be especially interesting to see how the availability of research grants in different sub-fields of physics correlate with our observations, and whether the evolution of physics follows the amount of funding available for its sub-areas or vice versa. This would require data about science funding collated from many sources. In addition, the PACS codes represent only one possible way to define the subfields of physics. Furthermore, there may be delays between developments in physics and respective changes in the PACS hierarchy. Nevertheless, we feel that it would be very interesting to compare our results with a study of the network of inter-relations between physics sub-fields constructed by using some other data than the PACS codes and recent methods such as community structure analysis of citation or co-authorship networks used to define the subfields.
Methods
Data description: A PACS code contains three elements: a pair of two-digit numbers separated by "." and followed by two characters that may be lower-or uppercase letters or "+" or "−" signs. The first digit of the first two-digit number denotes the main category out of the 10 broad categories specified at the first level and the second digit gives the more specific field within that category. The second two-digit number specifies a narrower category within the field given by the first two digits. The last two characters may specify even more detailed categories up to the fifth level of hierarchy. As an example, in the PACS code 05.45.-a, the first digit "0" indicates "General", adding the second digit "05", denotes "Statistical physics, thermodynamics, and nonlinear dynamical systems" and 05.45.-a indicates "Nonlinear dynamics and chaos"; the "-" sign denotes the presence of one more level of hierarchy. Our source data comes in the form of the PACS codes of all published articles in Physical Review (PR) journals [8] of the American Physical Society from 1985 till the end of 2009. In this study we use the PACS codes up to the third level of hierarchy, i.e., only the first four digits of the PACS codes. This is a good choice for longitudinal analysis: at the third level of hierarchy, the PACS codes represent the subfields of physics well and all PACS codes that have been listed in the papers extend at least to this level. Furthermore, there are more fluctuations in the deeper levels -the PACS codes change over time, as the classification scheme is regularly revised by AIP. Network construction: For constructing the networks, we consider the individual PACS codes as nodes, such that links between them indicate that they have appeared in the same article. In order to follow the time evolution of this system, we create yearly aggregated networks by considering all articles published in a given year. We then extract the largest connected components (LCC) for all the yearly aggregated PACS networks; all network properties in this paper have been calculated for LCCs. For all years, the LCC's correspond to almost the whole network (> 99.5%).
The weight of the link between the PACS code nodes i and j is defined as w ij = p 1 np−1 , where the sum runs over the set of papers in which the PACS codes i and j appear together, and n p is the number of PACS codes used in paper p. This ensures that the strength of each node, s i = j w ij , equals the number of articles where the PACS code has been listed [3] (excluding articles with single PACS codes that are not part of the network). Spearman rank correlation, and dissimilarity coefficient: If r t 1...N represent the degree (strength) ranks of the PACS codes for year t, then the Spearman rank correlation C S between the years t and t is defined as
where . . . represents the average over all nodes. From C S we calculate the dissimilarity coefficient
, with low values indicating that the rank of the individual nodes remain invariant over time [12] . Weighted overlap: In a unweighted network, the overlap is used to determine the similarity in the neighborhood of two nodes [21] . However, if the network is weighted and the link weight distribution is heterogeneous, one should put more significance on links having large weights. In order to do this we define the weighted version of the neighborhood overlap O w ij between nodes i and j as
where W ij = k∈Λi∩Λj (w ik + w jk )/2 and Λ i denotes the neighborhood of node i. Thus, O w ij = 0 if the two nodes i and j have no common neighbors, and O w ij = 1 if all of their strength is associated with links to common neighbors (except for the weight of the link joining i and j, if any). k-core analysis: We start by recursively removing nodes that have a single link until no such nodes remain in the network. These nodes form the 1-shell of the network (k s -shell index k s = 1). Similarly, by recursively removing all nodes with degree 2, we get the 2-shell. We continue increasing k until all nodes in the network have been assigned to one of the shells. The union of all the shells with index greater than or equal to k s is called the k s -core of the network, and the union of all shells with index smaller or equal to k s is the k s -crust of the network (see also Supplementary Information).
For our analysis, we have ignored all papers with a single PACS code. Such papers are rather rare, as can been seen by plotting the strengths of PACS-code nodes in our networks (where single-PACS-code papers are not included) against the true number of papers where their PACS codes have appeared, using the entire data set [ Fig. 9 (a) ]. It is evident that these two quantities are very similar to each other.
It may also be possible that some of the PACS codes frequently appear as the primary (first) PACS code in an article, and could thus be considered more important than codes that appear mainly as secondary codes. In order to check this, in Figure 9 (b) we plot the total number of appearances of a PACS code against the number of times it has appeared as the primary code. Although there are some PACS that mainly appear as secondary code, e.g., "27.10-Properties of specific nuclei listed by mass ranges A ≤ 5", "02.70-Computational techniques; simulations", etc., most of them do appear both as primary as well as secondary code.
Evolution of network properties
As seen in the main paper, the average degree, k , of PACS networks increases linearly [ Fig.1 (c) of main paper]. As a result, the average path length in these networks, , decreases linearly over this period [ Fig. 10 (a) ]. These features indicate that more papers joining different sub-fields of physics are appearing, leading to an increase of connectivity between them. However, the clustering coefficient of the network turns out to be constant over this period [ Fig. 10 (b) ], suggesting that the local connectivity of the networks remains almost constant compared to the global connectivity.
To quantify the similarity between the degree distributions of the PACS networks of different years, we measure the Kolmogorov-Smirnov statistics [11] D of the degrees of year 1985 with the corresponding distributions of the subsequent years. Figure 10 (c) indicates that the distributions do not change much over time, as D remains at a roughly constant, low value over this period. Repeating the above analysis with strength distributions reveals the same behavior. In Table I we show the KS distance as well the statistical significance (p values) between the degree (and strength) distribution across different years (those shown in Fig. 2 of the main paper) . If the KS distance is small or the p-value is high, then we cannot reject the null hypothesis that the distributions of the two samples are the same. We found that one cannot reject the hypothesis that all the degree distribution in Fig. 2 (a) of the main paper are similar to each other (p > 0.15). However, there is more variation across the strength distributions. For example, we found that the distribution of 1985 is different from 2009 (p < 0.01). However, for other distributions one cannot reject the hypothesis that the distributions are similar (p > 0.05). Although the shapes of the degree and strength distributions remain same, the degrees and strengths of the individual nodes do vary in time. Fig. 11 (a) shows the dissimilarity coefficient matrix ζ t,t calculated from the rank-correlation matrix C S for node degrees between all pairs of years t, t (see Methods). As expected, we observe that the rank order is fairly similar for consecutive years and this similarity decreases with time. However, the matrix also shows the presence of a block structure of high similarity during the periods 1985-1992, 1993-2000 and 2001-2009 . The block structure suggests that the degree ranks of the PACS were more stable during these periods, and that there were major changes from one period to another. To find whether only the characteristics of individual nodes have changed at these points or whether there are changes in network structure, we consider the similarities between local neighborhoods of nodes for different years. We quantify this with the Tanimoto coefficient, which is a weighted extension of the Jaccard coefficient, defined as
where w ij (t) and w ij (t ) are the weights of the links between nodes i and j for the years t and t , respectively. We then measure the overall neighborhood similarity of the networks for different years by considering the weighted average over nodes
where s i (t) and s i (t ) are the strengths of node i for the years t and t , respectively. A high value of θ indicates that the network structure (including link weights) is relatively invariant. The similarity matrix θ tt is shown in Fig. 11 (b) ; again, the networks of consecutive years appear rather similar. Further, a block structure is evident, exhibiting an increased network similarity for the above periods.
To determine the reason behind this observation, we consider the appearing and disappearing nodes. years [Fig 12 (b) ]. Further, the average strengths of nodes disappearing in the years 1992, 2002 and 2007 are also relatively high. This means that many important PACS codes appeared and disappeared during these years. Next, we focus on the appearing and disappearing links in each year. We have previously observed in [ Fig.1 (d) of main paper] that roughly same fraction of links appear and disappear every year. However, the ratio of links to and between the appearing nodes as compared to the total number of appearing links in a given year, f * A links = i∈Appear k i /N A links fluctuates with time. Similarly, ratio of links to and between the disappearing nodes (just before they disappear) as compared to the total number of disappearing links in a given year, f * D links = i∈Disappear k i /N D links also varies with time. Fig 12 (b) shows that in years, 1986, 1993 and 2001 more newly appearing links were connected to newly born nodes as compared to the other years, while in years 1985, 1992 and 2007 more links disappeared due to nodes disappearing. Thus, there is relatively more change in network structure during these years due to the high degree of appearing and disappearing nodes. We found that many of these newly appearing PACS codes were introduced to refine the sub-field and thus replace an existing code that did not represent the field well whereas others were introduced as a result of discovery of new concepts.
Comparison of empirical network with null models
We have compared the structural properties of the PACS network with a randomized ensemble of networks where the PACS codes are reshuffled among papers. This provides a null model giving insight into whether the observed properties are expected by chance as a conse-quence of the constraints inherent in the system. In Table II, we report the number of nodes N , the number of links L, clustering coefficient C, the average path length and the average weight of the links w of the network for years 1985, 1993, 2001, 2009 and the corresponding randomized versions that are obtained by randomly shuffling the PACS codes across papers. We first observe that there are more links in the randomized network compared to the empirical network because the PACS pairs that appear frequently in the empirical network are now less likely to be seen together. Instead, each member of the pair are more likely to appear together with other codes, forming new links. This leads to an increase in the clustering coefficient, decrease in the average link weight and also decreases the average path length.
This randomization process also destroys the hierarchical structure of the network. In Table III , we show the fraction of links that connect nodes at different hierarchical distances (h = 0, 1, 2). We compare it with the corresponding fraction in the null model. As expected, most of the links now connect nodes that are hierarchically different and very few links connect nodes that are hierarchically similar. For example, in 2009, 61% of links in the empirical network connect nodes that are dissimilar (h=0), which is much lower that the 87% of the links that appear in the null model. Furthermore, 12% of the links are between similar nodes (h=2), which is much larger that 2% of such links in the randomized network. This loss of hierarchical and modular structure can be seen in the minimum spanning tree of the randomized version of the PACS network of 2009 [Fig 13] .
Microdynamics of new links between dissimilar and similar nodes
In [Fig.3 of the main paper], we have shown that a substantial and increasing fraction of new links connects nodes that belong to different level 1 PACS categories (h = 0), whereas the fraction of new links to similar h = 2 nodes is decreasing with time. However, because of the hierarchical nature of the PACS tree, there are many more node pairs with h = 0 than with h = 2, and thus even randomly placed links would more often fall between h = 0 nodes. Thus, in theory, the increasing number of new links joining h = 0 nodes might be explained by the increasing number of PACS codes. In order to verify the existence of a real trend, we have plotted the number of new links between h = 0 or h = 2 nodes, N A , normalized by the corresponding number N A rand in a randomized null model where all the N A links are placed randomly. Fig. 14 shows that the increasing trend for new links between h = 0 nodes is present even with this normalization, and the likelihood of new links connecting dissimilar PACS branches is thus increasing with time.
Microdynamics of new nodes
In the main text of the paper we have explained the method to determine similar connectivity pattern for disappearing PACS codes. We can perform a similar analysis focusing on PACS codes that are newly introduced. For each of the newly introduced PACS code i, we find their peak years t * with the highest number of published papers and determine the network neighborhood Λ i,t * corresponding to the peak year. We then calculate the overlap of this neighborhood with the neighborhoods of all nodes in the network at year t i − 1, where t i is the year when i appeared. We then choose the node j that has the maximum overlap with Λ i,t * , and thus has the most similar link pattern with i at its peak. As in the case of discontinued PACS, we found that as the maximum strength of the introduced PACS codes increases, the maximum overlap also increases. Further, it is seen that only ∼ 10% of new codes appear to replace discontinued codes, and thus the majority of new codes seem to correspond to emerging new subfields [ Fig.4 (h) of main paper].
Properties of unstable nodes and links
The PACS network displays turnover in terms of both nodes and links. Here we focus on those nodes and links that appear (i.e. are present at year t but not at t − 1) or disappear i.e. are present at t but not at t + 1) during the period of study ). As seen in [ Fig.1 (d) of main paper] , the percentage of appearing and disappearing nodes is between 5%-10% per year. We first focus only on transient nodes that appear and later disappear during the observation period. To characterize the transient nodes, we consider the time for which they are continuously present, τ . As transient nodes may reappear in the network after their disappearance, we also measure the time of their absence, ∆t. The distributions of both quantities decay exponentially, P (τ ) ∝ exp(−ατ ) and P (∆t) ∝ exp(−β∆t), with exponent α ∼ β ∼ 1/3 [ Fig. 15(a) ]. This means that nodes that are present (absent) for three consecutive years are 1/e times less likely to disappear (appear).
Next, we compare the properties of all nodes that appear or disappear during the observation period with other nodes in the network. We define f a (s) as the fraction of nodes of strength s that appear during the period of observation,
where N t (s) is the number of nodes with strength s at time t and N a t (s) is the number of nodes with strength s that appear between t and t + 1. We similarly define f d (s), the fraction of nodes of strength s that disappear during the period of observation [7] . Most of these ap- Further, the modularity in terms of frequent connections between nodes in similar categories is also lost.
pearing and disappearing nodes have low strength, indicating they were used in very few papers at the time of appearance or just before disappearance [ Fig. 15 (b) ].
However, a few nodes with high strength appear or disappear with non-negligible probability. As the degree and the strength of the nodes are related, the f a and f d behave very similarly with the node degree (not shown). When measuring f a and f d as a function of the maximum degree of the node's neighbor, it is seen that appearing and disappearing nodes are mainly connected to hubs [ Fig. 15 (c) ]. Thus, most of the appearing nodes get connected to nodes of high strength and degree and the neighbors of high-strength and high-degree nodes are more likely to disappear, as compared to the neighbors of low strength and non-hub nodes.
Next, we focus on the links that appear or disappear during our period of observation; as seen in [ Fig.1 (d) of main paper], about 40 percent of links appear and a similar number of them disappear every year. We first consider only the transient links that appear and then disappear during the period of observation. In Fig. 16 (a) we show the distribution for the period for which they were present continuously, τ , and the period of absence, ∆t, defined as for the nodes. Again, both distributions decay exponentially with an exponent of −1/3, similarly to the behavior observed for transient nodes. This suggest that most of these links appear or disappear as new nodes are introduced to the network or nodes leave the network, respectively. This behavior is different from the node and link dynamics of air transportation network [7] where the nodes are mostly stable and the distribution of link's absence and presence decays as a power law. This means that in the PACS network links that are absent for a long time are much less likely to reappear, and links that are present for a considerable period are much less likely to disappear, as compared to the case in the airport network. This may be related to the economic constraints operating in the airport network that make commercially unenviable links more likely to disappear and the profitable links more likely to appear.
As we did for nodes, we also compare the properties of all appearing and disappearing links with overall properties of links.The fraction of links of weight w that disap- 
where N t (w) is the number of links with weight w at time t and N d t (w) is the number of links with weight w that disappear between t and t+1. The fraction f a (w) of links of weight w that appear is defined as for the nodes. Most of the appearing and disappearing links have low weight; however, links with high weight may also appear and disappear with a non-negligible probability [ Fig. 16 (b) ]. We also measure f a and f d as a function of the maximum degree of the two nodes that the link connects. We find that the most of the links which appear or disappear are between non-hubs [ Fig. 16 (c) ]. Similarly, we measure f a and f d as a function of the ratio of the s max /s min of a link, where s max and s min are the maximum and the minimum strength of the nodes joined by the link. Fig. 16 (d) shows that these links mostly connect nodes of heterogeneous strength. In Figure 17 , we show the number of nodes and the size of the largest connected component (LCC) as a function of the k-crust from the k s -core decomposition of the network of years 1987 and 2007. As expected, both the number of nodes and the LCC size increase with k-crust. For smaller k, the LCC and the crust sizes are different, whereas for larger k the LCC becomes almost of the same size as the crust. This feature is different from some other empirically observed networks [18] , where the nucleus plays a crucial role in the connectivity of the network. In most of these empirical systems, the network is in general fragmented into multiple disconnected components before the introduction of the nucleus. However, in the PACS network the crust is already almost connected even before the introduction of the nucleus. Therefore, in the PACS network, the nucleus plays a less important role; e.g., were any dynamical process of information flow to take place on the network, it would not necessarily need to pass through the nucleus.
Evolution of publication volumes of PACS codes
Instead of the k-core decomposition and the core indices of PACS codes, one could argue that the importance of a PACS code might be represented simply by the number of papers published with it. To compare with the k s -shell analysis and the evolution of the core indices of different codes, as done in [Fig.8 of main paper] , we plot a similar multi-level pie chart where the regions correspond to the numbers of papers with given PACS codes. Again, Region I contains the top 25% PACS codes, this time in terms of total publication volume, and Regions II, III, and IV PACS codes with increasingly lower publication volumes. As before we categorize the PACS codes in each of these region with the first digit of their hierarchy. Although the number of papers for a code and its 
